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Abstract 17 
Mechanistic water balance models can be used to predict soil moisture dynamics and 18 
drought stress in individual forest stands. Predicting current and future levels of plant 19 
drought stress is important not only at the local scale, but also at larger, landscape to 20 
regional, scales, because these are the management scales at which adaptation and 21 
mitigation strategies are implemented. To obtain reliable predictions of soil moisture 22 
and plant drought stress over large extents, water balance models need to be 23 
complemented with detailed information about the spatial variation of vegetation and 24 
soil attributes. We designed, calibrated and validated a water balance model that 25 
produces annual estimates of drought intensity and duration for all plant cohorts in a 26 
forest stand. Taking Catalonia (NE Spain) as a case study, we coupled this model with 27 
plot records from two Spanish forest inventories in which species identity, diameter 28 
and height of plant cohorts were available. Leaf area index of each plant cohort was 29 
estimated from basal area using species-specific relationships. Vertical root 30 
distribution for each species in each forest plot was estimated by determining the 31 
distribution that maximized transpiration in the model, given average climatic 32 
conditions, soil attributes and stand density. We determined recent trends (period 33 
1980-2010) in drought stress for the main tree species in Catalonia; where forest 34 
growth and densification occurs in many areas as a result of rural abandonment and 35 
decrease of forest management. Regional increases in drought stress were detected for 36 
most tree species, although we found high variation in stress changes among 37 
individual forest plots. Moreover, predicted trends in tree drought stress were mainly 38 
due to changes in leaf area occurred between the two forest inventories rather than to 39 
climatic trends. We conclude that forest structure needs to be explicitly considered in 40 
assessments of plant drought stress patterns and trends over large geographic areas, 41 
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and that forest inventories are useful sources of data provided that reasonably good 42 
estimates of soil attributes and root distribution are available. Our approach coupled 43 
with recent improvements in forest survey technologies may allow obtaining spatially 44 
continuous and precise assessments of drought stress. Further efforts are needed to 45 
calibrate drought-related demographic processes before water balance and drought 46 
stress estimates can be fully used for the accurate prediction of drought impacts. 47 
Keywords: Drought stress, forest inventory data, Mediterranean forests, water 48 
balance model. 49 
Abbreviations: DDS – Daily drought stress; DI – Drought intensity; NDD – Number 50 
of drought days; LAI – Leaf area index; PET – Potential evapotranspiration; SFI – 51 
Spanish forest inventory. 52 
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1. Introduction 53 
Drought stress is a key factor to understand the dynamics of most terrestrial 54 
ecosystems worldwide. Although drought impacts are often progressive and 55 
cumulative, reports of large-scale events of drought-related forest decline are 56 
increasingly common and have been linked to on-going global warming (Allen et al., 57 
2010; Carnicer et al. 2011). Being able to anticipate where, when and which plant 58 
species will be impacted by cumulative drought or extreme drought events is 59 
particularly important at landscape to regional scales, because strategies focusing on 60 
adaptation and mitigation of drought impacts are normally designed and implemented 61 
at these scales (e.g., Lindner et al., 2010). 62 
Assessments of plant drought stress can be obtained using a range of approaches 63 
differing in the drought definition, the spatial and temporal resolution, the degree of 64 
complexity and the amount of information required (Dai, 2011; Heim, 2002). While 65 
meteorological drought is routinely quantified using indices that employ temperature 66 
and precipitation data obtained from ground meteorological stations (e.g., McKee et 67 
al., 1993; Palmer, 1965; Vicente-Serrano et al., 2010), soil moisture, vegetation stress 68 
and decline are usually monitored for large areas using indices derived from satellite 69 
remote sensing (e.g., Deshayes et al. 2006; Gao, 1996; Gobron et al., 2005; Kerr et al., 70 
2012; Kogan, 1997). An alternative, or complementary, way of estimating drought 71 
stress is by using process-based models that, given some meteorological, edaphic and 72 
vegetation data, are able to predict temporal variations of soil moisture and plant 73 
drought stress (e.g., Granier et al., 2007; Lafont et al., 2012; Ruffault et al., 2013). 74 
Compared to drought monitored by remote sensing, process-based models have the 75 
advantage of allowing drought stress to be explicitly differentiated from other factors 76 
affecting plant health condition, such as pests, diseases or air pollution (Deshayes et 77 
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al., 2006). Moreover, they allow future drought stress impacts to be anticipated when 78 
coupled with climatic projections (e.g., Ruffault et al., 2014). 79 
Different kinds of process-based models (e.g., hydrological models, ecosystem 80 
models, forest gap models, landscape dynamics models or dynamic global vegetation 81 
models) include modules to calculate soil water balance (e.g., Bugmann & Cramer 82 
1998; Davi et al., 2005; Dufrêne et al., 2005; Lischke et al., 2006; Martínez-Vilalta et 83 
al., 2002; Mouillot et al., 2001; Running & Coughlan, 1988; Sitch et al., 2003; Sus et 84 
al., 2014) and, hence, can be used to track temporal variation in drought stress. These 85 
models often differ in spatial resolution and the amount of detail of the representation 86 
of soil and vegetation. They also differ in the representation of processes related to 87 
water fluxes and drought stress (i.e., meteorological, hydrological, physiological or 88 
demographic processes).  89 
Although many process-based models include more or less detailed soil water 90 
balance calculations, not all models are equally suited to obtain species-specific maps 91 
showing drought stress over entire landscapes or regions. Since plant species differ in 92 
their strategy to cope with drought and their ability to extract water at different soil 93 
water potentials, the design of the chosen model should be able to simulate the 94 
competition of plant cohorts and species for local water resources (e.g., Mouillot et 95 
al., 2001). Moreover, the definition of state variables should include leaf area, or a 96 
close surrogate, because the leaf area of a stand strongly influences soil moisture 97 
dynamics and, in turn, the intensity and duration of drought stress (e.g., Joffre & 98 
Rambal, 1993). Finally, the application of a model with very detailed representation 99 
of processes may be constrained for landscape and regional applications by the high 100 
number of parameters required. Such extensive applications are better approached 101 
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using a simpler but robust model easy to parameterize for a broad range of 102 
environmental conditions (Ruffault et al., 2014, 2013). 103 
Assessing plant drought stress over landscapes and regions using process-based 104 
models requires detailed spatial information of soil and vegetation attributes. While 105 
not spatially continuous, the systematic sampling and repeated surveys of national 106 
forest inventories allow the forest structure and composition to be monitored for large 107 
geographic areas. Data from forest inventories have already been used in combination 108 
with ecosystem models to predict primary production and water and carbon fluxes 109 
over landscapes and regions (e.g., Keenan et al., 2011; Le Maire et al., 2005). 110 
However, the design of the models employed in these exercises did not allow 111 
distinguishing the drought stress of cohorts and species coexisting in forest plots. This 112 
level of detail in drought stress assessments is important, for example, for assisting 113 
management decisions aimed to improve the resilience of forests in front of drought 114 
impacts. Moreover, species-specific drought stress assessments are a key component 115 
of landscape simulation models aimed at anticipating the effects of drought in 116 
combination with other drivers such as wildfires or insect outbreaks (e.g., Fyllas and 117 
Troumbis, 2009; Gustafson and Sturtevant, 2013). 118 
In this paper we explore the potential advantages and limitations of coupling 119 
forest inventory data with a water balance model to monitor the amount of drought 120 
stress experienced by plant species over large areas. We first present the design, 121 
parameterization and validation of a water balance model that allows tracking soil 122 
moisture variations and quantifying drought stress for plant cohorts (of the same or 123 
different species) in forest stands. The state base of the model is adapted for its use in 124 
combination with forest inventory data, whereas the complexity in terms of processes 125 
is kept very simple to reduce the number of parameters and facilitate its application to 126 
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different areas. We use Catalonia (NE Spain) as a case study and take the Second and 127 
Third Spanish National Forest Inventories in that region as source of vegetation 128 
structure and composition data for the water balance model. After estimating leaf area 129 
indices and vertical root distribution for each plant cohort in each forest plot, we 130 
examine two other issues that may compromise the use of this approach. First, we ask 131 
to what extent incomplete knowledge regarding soil depth may preclude obtaining 132 
accurate predictions of drought stress. Second, by comparing the predictions obtained 133 
using the two forest inventories, we determine to what extent local and regional-134 
average drought stress assessments may be biased when conducted several years after 135 
a given survey. Finally, we illustrate our approach by determining recent temporal 136 
trends (1980-2010) in drought stress for the main tree species in the study area. Our 137 
hypothesis in this application is that vegetation changes occurred during this period 138 
should explain an important part of the variability in drought stress. Hence, we 139 
distinguish between the effect of climatic variations and the effect of changes in 140 
vegetation structure. 141 
2. Materials and methods 142 
2.1 Water balance model and drought stress definition 143 
The purpose of the water balance model is to predict temporal variations in soil water 144 
content and assess drought stress for plants in a forest. Our model follows the design 145 
principles of BILJOU (Granier et al., 1999, 2007) and SIERRA (Mouillot et al., 2001; 146 
Ruffault et al., 2014, 2013), with some characteristics taken from dynamic global 147 
vegetation models (Prentice et al., 1993). The model calculates water balance on a 148 
daily basis. Soil is represented using two layers – topsoil and subsoil – and the model 149 
keeps track of the proportion of moisture relative to field capacity for each layer. Soil 150 
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water holding capacity includes the effects of rock fragment content. Vegetation is 151 
represented as a set of plant cohorts having different height, root distribution, species 152 
identity and leaf area index (LAI; i.e. the one-side area of leaves corresponding to the 153 
cohort per unit of stand surface area). The root system of each cohort is described by 154 
the vertical distribution of its fine root biomass, calculated following the linear dose 155 
response model (Schenk and Jackson, 2002) (see section 2.6 and Appendix S1). The 156 
minor fraction of root mass located below soil depth is redistributed within the 157 
existing layers and the proportion of fine roots in each soil layer is assumed 158 
proportional to the amount of water extracted from it. 159 
Every day the model first updates leaf area of (semi-)deciduous plants according 160 
to a simple phenological model that determines leaf budburst and leaf fall, where 161 
parameter SGDD indicates the growth degree days necessary for budburst (evergreen 162 
plants are assumed to have constant leaf area throughout the simulation). Then, the 163 
model recalculates light extinction through the canopy, following the Beer-Lambert 164 
model, and the water storage capacity of the canopy (i.e. the minimum amount of 165 
water needed to saturate the canopy). Species-specific parameters needed for these 166 
calculations are the light extinction coefficient (ksp), the bole height proportion (bsp) 167 
and the canopy water storage capacity per LAI unit (ssp). After updating the canopy 168 
status, the model deals with the water input from rainfall. Before increasing the water 169 
content of soil layers, the model first subtracts the water lost due to interception and 170 
the water lost through surface runoff from rainfall. Rainfall interception loss is 171 
estimated using the sparse version of the Gash model (Gash et al., 1995) and runoff is 172 
estimated using the USDA SCS curve number method according to Boughton (1989). 173 
Lateral water transfer processes are not considered. Soil water storage capacity and 174 
water potential are calculated from texture using pedotransfer functions (Saxton et al., 175 
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1986). When refilling a given soil layer, a proportion of water is assumed to directly 176 
percolate to the next layer below, as dictated by macroporosity (Granier et al., 1999). 177 
The water percolating from the deepest layer is assumed to be lost via deep drainage.   178 
After refilling soil layers, the model determines evapotranspiration losses. Daily 179 
potential evapotranspiration (PET) is determined following the theory of equilibrium 180 
evapotranspiration (Jarvis and McNaughton, 1986; Prentice et al., 1993). Evaporation 181 
from the soil surface is controlled by PET, the amount of light reaching the ground 182 
and the water content of the topsoil, but the reduction in moisture is divided among 183 
the two soil layers according to a negative exponential function (Ritchie, 1972). To 184 
determine plant transpiration, the model first determines the maximum transpiration 185 
of the whole stand (i.e. assuming that water is not limiting) as a function of the stand’s 186 
LAI and PET (Granier et al., 1999). Following Mouillot et al. (2001), the amount of 187 
water extracted by a plant cohort from a given soil layer is defined as the product of: 188 
(i) the maximum transpiration of the stand; (ii) the proportion of maximum 189 
transpiration that corresponds to the plant cohort, calculated on the basis of its leaf 190 
area and the amount of light available to it; (iii) the relative whole-plant conductance 191 
corresponding to the water potential in the soil layer; (iv) the proportion of fine roots 192 
in the soil layer. Relative whole-plant conductance lies between 0% (no conductance) 193 
and 100% (maximum conductance) and depends on the water potential in the soil 194 
layer and Ψsp, the species-specific water potential corresponding to 50% loss of 195 
conductance. Ψsp is a model parameter that integrates all the processes that may affect 196 
whole-plant water conductance, including stomatal regulation, xylem embolism and 197 
changes at the soil-root interface (Sperry et al., 1998; Martínez-Vilalta et al., 2014). 198 
Therefore, its interpretation may differ depending on the behavior of the species under 199 
drought (e.g., McDowell et al., 2008). For relatively isohydric species Ψsp would 200 
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mostly reflect the soil water potential associated to stomata closure, whereas for 201 
relatively anisohydric species Ψsp may be controlled by their vulnerability to xylem 202 
embolism.  203 
Granier (1999) and Granier et al. (2007) defined drought stress to begin when 204 
soil relative extractable water was below 40%, whereas in Ruffault et al. (2014, 2013) 205 
drought periods start when soil water potential drops below – 0.5 MPa (a value 206 
beyond which a decrease in canopy conductance is observed for many Mediterranean 207 
species; Limousin et al., 2009). Following Mouillot et al. (2002), we defined drought 208 
stress periods for a given plant cohort as periods when relative whole-plant 209 
conductance is below 50%. Daily drought stress (DDS) of a plant cohort is defined as 210 
the one-complement of the relative conductance integrated across soil layers (Collins 211 
& Bras, 2007):  212 
 
DDSi = φi · (1− Ki,s )·vi,s
s
∑  (1) 213 
where Ki,s is the relative whole-plant conductance of cohort i in layer s; vi,s is the 214 
proportion of the fine roots that cohort i has in layer s; and φi is the cohort leaf-215 
phenological status (φi ∈ [0,1]), included to avoid winter deciduous plants from 216 
suffering drought stress during winter. We quantified annual drought duration as the 217 
number of drought days (NDD) with relative conductance below 50% (i.e. DDS > 0.5) 218 
and annual drought intensity (DI) as: 219 
 
DI = max 0.5− DDS
0.5
, 0



∑ / 365
 (2) 220 
where DI is dimensionless and ranges between 0 (relative conductance always > 50%) 221 
and 1 (0% relative conductance during all year).  222 
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Additional details of the design and specific formulation of the water balance 223 
model are given in Appendix S1. Predicted drought intensity and duration are strongly 224 
sensitive to changes in annual rainfall and leaf area index, but other parameters like 225 
soil depth and root distribution also appear to be influential (see sensitivity analyses in 226 
Appendix S2). The model is implemented in C++ and is executed from an interface 227 
written in R language. An R package is available upon request to M. De Cáceres.  228 
2.2 Study area and calibration of species-specific parameters 229 
Catalonia (31144 km2; northeast of Spain; Fig. 1) is a region with 60% of its 230 
surface covered by forests and shrublands. Prevailing climate in most of the region is 231 
Mediterranean, but strong climatic gradients occur as a result of complex relief and 232 
distance to the coast. Mean annual temperature ranges between –0.1 and +17 ºC 233 
(average +12.3ºC) and annual rainfall ranges between 344 and 1587 mm (average 684 234 
mm). In most of the region, rainfall peaks in autumn and spring (average 222 and 194 235 
mm, respectively), and it is relatively low during summer and winter (average 173 236 
and 141 mm, respectively) (source: Ninyerola et al., 2000). In addition to the 237 
characteristic summer water deficit, Mediterranean climate often includes a strong 238 
inter-annual variation in rainfall and temperature regimes, which adds uncertainty to 239 
the intensity and duration of drought stress.  240 
Fig. 1: Location of validation sites and forest inventory plots within Catalonia. 241 
A ce
pted
 man
uscr
ipt
 12 
 242 
We treated the 12 most frequent tree species in the study area as separate 243 
entities (see Table 1). Less frequent tree species were lumped together in a group 244 
named ‘other trees’ and shrubs were divided into three functional groups related to 245 
post-fire regeneration strategies (Keeley et al., 2012): ‘Shrub R+S-’ (resprouters),  246 
‘Shrub R-S+’ (seeders) and ‘Shrub R+S+’ (facultative seeders). The full list of species 247 
included in each group is given in Appendix S3. The proportion of bole height (bsp) 248 
and light extinction coefficients (ksp) for tree and shrub species were inferred from 249 
bibliographic sources (Aubin et al., 2000; Bréda, 2003) (Table 1). To determine soil 250 
water potentials related to 50% of water conductance loss, species were divided 251 
between strongly isohydric (Ψsp =  – 2.0 MPa; conifers, beech and ‘other trees’), 252 
moderately isohydric (Ψsp =  – 3.0 MPa; oaks and ‘shrubs R+S+’), moderately 253 
anisohydric (Ψsp =  – 4.0 MPa; ‘shrubs R+S-’) and strongly anisohydric (Ψsp =  – 5.0 254 
MPa; ‘shrubs R-S+’). Considering the relatively high uncertainty in the Ψsp reflecting 255 
in part methodological issues (e.g., Delzon and Cochard, 2014), we decided to group 256 
species in ‘functional types’ to avoid generating artificial variability among species 257 
and focusing on the differences that are robust enough to be interpretable. The Ψsp 258 
values were established after examining and comparing several bibliographic sources: 259 
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(1) minimum recorded leaf water potentials for these species (Choat et al., 2012; 260 
Martínez-Vilalta et al., 2014); (2) water potentials causing 50% xylem embolism in 261 
stems (Choat et al. 2012); (3) water potentials at turgor loss point (Bartlett et al., 262 
2012); and (4) water potentials at 50% stomatal closure (Klein, 2014). Values for ssp, 263 
the amount of water that can be retained in the canopy of a particular species per LAI 264 
unit, were set after inspecting values reported in experimental studies. Additional 265 
information regarding the calibration of ssp and Ψsp is included in Appendix S3. 266 
Table 1: Species-specific model parameters and linear regressions used to estimate 267 
LAI. ksp – Extinction coefficient, corresponding to global radiation in the case of trees 268 
(Bréda, 2003) and photosynthetic active radiation in the case of shrubs (Aubin et al. 269 
2000); bsp – bole height in relation to total height;  ssp – Canopy water storage 270 
capacity per LAI unit; Ψsp – Water potential associated to 50% conductance loss;  271 
SGDD – Growth degree days (Tbase = 5ºC) to attain full LAI. LAI-BA – estimated slope 272 
of the linear regression between basal area and LAI; n – number of observations; 273 
Range – range of basal area values considered; R2adj – adjusted R-square. 274 
Species / 
Functional group 
ksp 
 
bsp 
(%) 
ssp 
(mm·LAI-1) 
Ψsp 
(MPa) SGDD 
 LAI-BA  n BA range (m2/ha) R
2adj 
Pinus halepensis 0.50 66 1.00 -2.0 –   0.05201 2712 [0.06, 51.39] 93.4 % 
Pinus nigra 0.50 66 1.00 -2.0 –  0.06626 2063 [0.04, 67.82] 83.5% 
Pinus sylvestris 0.50 66 1.00 -2.0 –  0.05213 3211 [0.04, 87.39] 94.2% 
Pinus uncinata 0.50 66 1.00 -2.0 –  0.05061 787 [0.05, 82.15] 82.4% 
Pinus pinea 0.50 66 1.00 -2.0 –  0.06293 985 [0.05, 48.2] 92.0% 
Pinus pinaster 0.50 66 1.00 -2.0 –  0.05095 296 [0.06, 75.6] 82.9% 
Abies alba 0.35 30 1.00 -2.0 –  0.10715 230 [0.3, 86.66] 95.3% 
Quercus ilex 0.55 50 0.50 -3.0 –  0.14220 4063 [0.02, 56.68] 91.4% 
Quercus suber 0.55 50 0.50 -3.0 –  0.03974 1032 [0.08, 62.28] 85.2% 
Quercus humilis 0.55 50 0.50 -3.0 200  0.12481 1847 [0.03, 42.65] 91.4% 
Quercus faginea 0.55 50 0.50 -3.0 200  0.14989 355 [0.04, 20.74] 72.2% 
Fagus sylvatica 0.43 50 0.25 -2.0 200  0.12343 567 [0.07, 72.03] 83.3% 
Other trees 0.43 50 0.25 -2.0 200  0.29178 180 [0.07, 14.86] 85.3% 
Shrub R+S-   0.40 10 0.25 -4.0 –  0.19319 546 [0.03, 20.00] 92.2% 
Shrub R-S+ 0.40 10 0.25 -5.0 –  – – – – 
Shrub R+S+ 0.40 10 0.25 -3.0 –  – – – – 
 275 
2.3 Model evaluation 276 
We evaluated the predictive accuracy of the model with respect to variations in 277 
transpiration and soil water content using data from two distinct sites (Fig. 1). Prades 278 
site is characterized by a Mediterranean climate and has rocky and shallow soils. A 279 
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process of drought-induced decline of P. sylvestris is occurring in this site since the 280 
1990s (Martínez-Vilalta and Piñol, 2002; Poyatos et al., 2013). Vallcebre site has a 281 
sub-Mediterranean climate and soils are deeper and with lower gravel content 282 
(Poyatos et al., 2005; Garcia-Estringana et al., 2013). We gathered soil and vegetation 283 
data for one stand in each site (Table 2). Soil attributes were determined from soil 284 
samples. As vegetation in Prades has been found to rely on deep water reserves 285 
during dry periods (Barbeta et al., 2014), we considered both the stand’s measured 286 
soil depth (40 cm) as well as two additional parameterizations where soil field 287 
capacity was increased to account for the additional water volume potentially 288 
accessible through rock fissures and cracks (see Table 2). Tree leaf area for each 289 
species in each stand was calculated as a function of site-specific allometric 290 
relationships between stem/branch diameter and leaf mass/area. Root distribution was 291 
estimated by determining the parameters of the linear dose response function 292 
corresponding to maximum transpiration under average climatic conditions (see 293 
details in section 2.6).  294 
 295 
Table 2: Site characteristics, model parameters employed and calculated drought 296 
stress for the two validation stands. Values within square brackets and braces for 297 
Prades indicate model parameters and drought stress values obtained after setting soil 298 
depth to 80 cm and considering an additional rocky layer (85% of rocks), 299 
respectively. 300 
 Vallcebre Prades
 
   
Location (coordinates) 42º12’N, 1º49’E 41º19’N, 1º1’E 
Altitude (m a.s.l.) 1260 1015 
Mean annual temperature (ºC) 7.3 11.3 
Mean annual rainfall (mm) 862  664 
   
Vegetation parameters   
Species Pinus sylvestris / Buxus sempervirens P. sylvestris / Quercus ilex / R+S- 
Height 11 m / 2 m  14 m / 6 m / 2 m 
LAI 2.4 / 0.3 0.54 / 2.69 / 0.2 
Root volume in topsoil (%) 62 / 60 65 / 66 / 66 
[74 / 74 / 69] 
{68 / 68 / 60} 
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ksp 0.5/ 0.4  0.5 / 0.55 / 0.4 
bsp (%) 66 / 10  66 / 50 / 10 
ssp (mm·LAI-1) 1.0 / 0.25  1.0 / 0.5 / 0.25 
Ψsp (MPa) -2.0 / -4.0  -2.0 / -3.0 / -4.0 
SGDD – / –  – / – / – 
   
Soil parameters   
Soil depth (topsoil + subsoil) 65 cm (30 + 35 cm) 40 cm (30 + 10 cm) 
[80 cm (30 + 50 cm)] 
{80 cm + rocky layer down to 4.5 m} 
Topsoil texture (% sand, silt, clay) (59, 19, 22) (47, 32, 21) 
Topsoil bulk density (kg·dm-3) 1.23 0.98 
Topsoil macroporosity (%) 27 33 
Topsoil rock fragment content (%) 19 45 
Subsoil texture (% sand, silt, clay) (62, 20, 18) (48, 33, 19) 
Subsoil bulk density (kg·dm-3) 1.48 1.48 
Subsoil macroporosity (%) 14 11 
Subsoil rock fragment content (%) 19 51 
Max. soil evaporation (mm·day-1) 1 2 
Water volume at field capacity (mm) 122 54 [102]{238} 
   
Predicted drought stress   
Average drought intensity (DI) 0.06 / 0.00 0.40 / 0.35 / 0.27 
[0.33 / 0.27 / 0.17] 
{0.26 / 0.21 / 0.11} 
Average drought duration (NDD) 32 / 0 151 / 141 / 128 
[154 / 141 / 116] 
{148 / 133 / 97} 
   
 301 
A three-year period (2003-2005 and 2011-2013 in Vallcebre and Prades, 302 
respectively) was used for validation and meteorological input data (daily 303 
temperature, rainfall and radiation) were obtained from on-site meteorological stations 304 
(Latron et al., 2010). Detailed descriptions regarding soil moisture and transpiration 305 
measurements for the validation period can be found in Poyatos et al. (2007), Poyatos 306 
et al. (2013), García-Estringana et al. (2013) and Sus et al. (2014). Predicted vs. 307 
observed values were compared using linear regression analyses. 308 
2.4 Forest inventory data and LAI estimation 309 
Surveys of the Second Spanish Forest Inventory (SFI2) were conducted in Catalonia 310 
between 1989 and 1991 (Villaescusa & Díaz, 1998), while those of the Third Spanish 311 
Forest Inventory (SFI3) were conducted between 2000 and 2001 (Villanueva 2004). 312 
SFI2 and SFI3 surveys include 11282 and 11454 forest plots, respectively. In this 313 
study we considered the 8977 plots that were sampled in both SFI2 and SFI3 (Fig. 1), 314 
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except for the determination of soil depth effects where we used all SFI3 plots located 315 
in areas where soil depth was available (see section 2.8). 316 
In both surveys, forest plots had been divided into four nested circular subplots 317 
(radius 5, 10, 15 and 25 m); and trees had been recorded only if their diameter was 318 
larger than a threshold (7.5, 12.5, 22.5 and 42.5, respectively). Species identity, height 319 
and diameter at breast height (d.b.h.) of living and standing dead trees were available 320 
for both surveys. In the circular plot of 5 m radius, the number of saplings per species 321 
(2.5 cm ≤  d.b.h. < 7.5 cm) and their mean height had also been recorded. Species 322 
identity, canopy cover and mean height of woody understory vegetation had been 323 
sampled within the 10-m radius plot. 324 
We assumed that each tree or shrub record was representative of a distinct plant 325 
cohort. Species identity and plant height, two parameters required in the model, were 326 
directly available from plot records. In order to obtain LAI estimates for trees, we 327 
calculated the basal area of each tree cohort and multiplied it by the slope of a 328 
species-specific linear regression with zero intercept against basal area (Table 1; see 329 
also Fig. S3.1 in Appendix S3), calibrated using data from Burriel et al. (2004). For 330 
shrubs, cover values were simply multiplied by 0.02 (i.e., 100% cover equals to LAI = 331 
2). Estimation of root distribution is explained in section 2.6. 332 
2.5 Climatic and soil data 333 
Temperature (in ºC), rainfall (in mm) and mean daily solar radiation (in 10kJ·m-2·day-334 
1) data, spatially interpolated at 1 km resolution (Ninyerola et al., 2000), were 335 
obtained for each month in the 1980-2010 period from the Spanish Meteorological 336 
Agency (AEMET) and the Catalan Meteorological Service (SMC). Daily temperature 337 
and daily solar radiation were simply interpolated linearly between average monthly 338 
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values, whereas daily rainfall values were generated by sequentially drawing values 339 
from a Gamma distribution (shape = 2, scale = 4) until the monthly precipitation 340 
demand was met (model sensitivity to parameters of this distribution is included in 341 
Appendix S2). The ratio between the evaporation rate and the rainfall rate (a 342 
parameter needed for rainfall interception loss; see Appendix S1) was set to 0.2 343 
between December and June and to 0.05 between July and November (Miralles et al., 344 
2010).  345 
Soil was poorly characterized in SFI2; and field surveys of SFI3 only included 346 
qualitative descriptions of soil texture, litter content and surface rock abundance. The 347 
percentage of rocks in the surface of the plot was taken as a proxy of rock fragment 348 
content in the soil. Soil texture and bulk density corresponding to the topsoil and 349 
subsoil (0 – 30 cm and 30 – 100 cm) were obtained from spatial layers from the 350 
Harmonized World Soil Database (FAO/IIASA/ISRIC/ISS-CAS/JRC 2009). Bulk 351 
density and the percent of sand were used to calculate macroporosity (Stolf et al., 352 
2011). While being a key parameter for water balance, soil depth varies strongly at 353 
fine scale and is difficult to estimate accurately. To avoid overestimation of drought 354 
stress, we took a conservative approach and set soil depth (topsoil + subsoil) to 100 355 
cm for all forest inventory plots (but we compared stress estimates in areas with 356 
available soil depth data, see section 2.8).  357 
2.6 Root distribution 358 
Plant roots can be quite deep in semi-arid and Mediterranean ecosystems (Canadell et 359 
al., 1996; Schenk and Jackson, 2002). Although root architecture is species-specific, 360 
abiotic and biotic factors have a profound influence on root growth and structure 361 
(Casper and Jackson, 1997). Unfortunately, plant root systems are rarely sampled in 362 
forest inventories. We estimated root distribution among soil layers by finding the 363 
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distribution that maximized plant transpiration in the model (preliminary analyses in 364 
which drought stress was minimized gave similar results) (Collins and Bras, 2007; 365 
Kleidon and Heimann, 1998). In the linear dose response model the distribution of 366 
roots is governed by parameters D50 and D95, the depths above which 50% and 95% 367 
of root mass is located, respectively (Schenk and Jackson, 2002). We explored the 368 
same state-space used in Collins and Bras (2007) and determined the D50/D95 pair 369 
corresponding to a maximum transpiration over three years of model simulation.  370 
We determined optimum root distribution for each forest plot and each species 371 
separately. In each case, we used a single plant cohort of the target species with a LAI 372 
value equal to the LAI of the whole stand (thus, we assumed optimum root systems to 373 
be independent of the identity of neighbors). The factors that influenced the optimum 374 
root distribution of a given species in a given plot were: (i) species-specific model 375 
parameters (Ψsp, but also ssp because it influenced soil infiltration); (ii) the LAI of the 376 
target stand; (iii) climatic conditions, soil texture and rock fragment content in the 377 
target plot. Pseudo-daily meteorological data for the optimization process was 378 
generated using average monthly values obtained from the Catalan Digital Climatic 379 
Atlas (Ninyerola et al., 2000; Pons and Ninyerola, 2008).  380 
2.7 Model runs 381 
All simulations started with soil layers at field capacity. Although all plant cohorts 382 
compete for water resources in the model, we evaluated drought stress for tree species 383 
only. Since the model produces DI and NDD values at the plant cohort level, drought 384 
stress values corresponding to each species and plot were obtained by averaging the 385 
stress values of plant cohorts of the plot corresponding to the same species, using LAI 386 
values as weights. We accounted for uncertainty derived from the stochastic 387 
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generation of daily precipitation by averaging DI and NDD values across ten model 388 
runs. Preliminary analyses indicated that ten replicates correspond to a standard error 389 
of around 0.001 for the DI average and less than one day for the NDD average. 390 
2.8 Bias in drought stress estimates derived from assuming constant soil depth  391 
In our application of the model to Catalonia we assumed a constant soil depth of 100 392 
cm for all forest plots. To quantify the bias in drought stress derived from a lack of 393 
soil depth data in the study area, we used 1435 SFI3 plots located within three 394 
catchments where soil depth estimates were available, including 347 SFI3 plots that 395 
had not been surveyed in SFI2 (Fig. 1). Soil depth spatial layers in these catchments 396 
had been obtained from local soil maps complemented with estimates of regression 397 
models between soil profile data and soil units (CREAF/UPC/ETC/IRTA, 2011). 398 
Drought stress predictions for the year of SFI3 survey (either 2000 or 2001) were 399 
calculated assuming 100 cm soil depth and using actual soil depth estimates. Species 400 
optimum root distributions were determined separately for both soil depths. 401 
2.9 Bias in drought stress estimates derived from temporal extrapolation 402 
Our approach to assess drought stress relies on static information about forest 403 
structure and composition. Hence, drought stress estimates can have a substantial bias 404 
when conducted several years after the year of forest survey. To measure the bias 405 
derived from assuming constant structure and composition in forest plots, we took the 406 
8977 re-measured plots and calculated DI and NDD predictions using SFI2 data for 407 
the year of the SFI3 survey and compared them with those obtained using SFI3 data. 408 
As before, species optimum root distributions were estimated separately for SFI2 and 409 
SFI3, with the aim to emulate the plasticity of root systems to adapt to changes in 410 
aboveground structure. An increase in drought stress between forest inventories was 411 
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expected as a result of tree growth and forest densification; whereas decreases in 412 
drought stress were expected in stands subjected to decreases in basal area, for 413 
example after management or natural disturbances. We calculated Spearman’s rank 414 
correlation to test the relationship between the difference in predicted drought stress 415 
and the corresponding SFI3-SFI2 difference in stand’s LAI. 416 
2.10 Temporal trends in climate and plant drought stress 417 
We characterized 1980-2010 temporal trends in mean annual temperature, annual 418 
precipitation and climatic drought for all SFI3 plots. Climatic drought was calculated 419 
using the Standardized Precipitation-Evapotranspiration Index (SPEI; Vicente-420 
Serrano et al., 2010; Beguería & Vicente-Serrano, 2013), a multiscalar index whose 421 
calculation involves a monthly climatic water balance series. For SPEI calculations, 422 
monthly PET was obtained adding the daily values used in the model and the scale of 423 
the index was 12 months. 424 
Using the water balance model and the 8977 re-measured plots, we 425 
characterized trends in drought stress for each species by combining drought stress 426 
predictions obtained using SFI2 data (1989-1999 period) and SFI3 data (1991-2010 427 
period). Drought stress during the 1991-1999 period was defined as the average of 428 
SFI2 and SFI3 predictions using weights that depended on the year (for example, 429 
SFI2 and SFI3 predictions had 0.9 and 0.1 weights, respectively, for year 1991; and 430 
the reverse weights were used for year 1999). With the aim to distinguish drought 431 
stress changes driven by climate from changes derived from changes in LAI, we 432 
compared the trends predicted as explained above with those obtained using SFI2 data 433 
for the whole period (1980-2010). In all cases the Mann-Kendall trend test (Mann, 434 
1945) was used to determine the statistical significance of trends (significance level 435 
A ce
pte
 man
uscr
ipt
 21 
was set to P = 0.05) and the magnitude of the trend was assessed using the Theil-Sen 436 
approach (Sen, 1968). 437 
3. Results 438 
3.1 Model evaluation 439 
Predicted daily canopy transpiration values in Vallcebre site matched reasonably well 440 
the transpiration estimation obtained from sap flow measurements (a = 0.289; b = 441 
0.831; r2 = 0.61), except during the summer 2003 drought (Fig. 2a). Predicted topsoil 442 
moisture variations also matched moderately well with both manual (a = 0.010; b = 443 
0.836; r2 = 0.41) and automatic (a = 0.006; b = 0.951; r2 = 0.57) field measurements 444 
(Fig. 2a). Topsoil moisture predictions for Prades site were rather strongly correlated 445 
with field measurements (a = 0.030; b = 0.835; r2 = 0.69). Canopy transpiration was 446 
clearly underestimated during drought periods when using 40 cm soil depth (a = 447 
0.429; b = 0.527; r2 = 0.25) (Fig. 2b). However, the fit to observed transpiration 448 
improved when increasing soil depth to 80 cm (a = 0.265; b = 0.789; r2 = 0.51) or 449 
when considering an additional rocky layer  (85% of rocks) extending down to 4.5 m 450 
(a = 0.171; b = 0.886; r2 = 0.62). As expected, predicted drought stress was much 451 
higher in Prades than in Vallcebre (e.g., NDD = 151 vs. 32 days for Pinus sylvestris; 452 
Table 2).453 
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3.2 LAI and root distribution estimates 457 
Stand LAI values were significantly smaller under SFI2 (mean = 1.8; s.d. = 1.4) than 458 
under SFI3 (mean = 2.0; s.d. = 1.4) [p-value < 0.0001 in a Wilcoxon test]; and 459 
differences in LAI were highly variable among stands (s.d. = 0.95) (Fig. 3). 460 
Fig. 3: a) Density distribution of stand LAI values under SFI2 and SFI3, and 461 
distribution of LAI differences; b) Spatial distribution of LAI changes. 462 
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In plots with fine-textured soils root biomass tended to concentrate in the 463 
topsoil, whereas in medium- or coarse-textured soils roots were mostly in the subsoil 464 
(see Fig. S4.1 in Appendix S4). Under arid conditions differences in root distribution 465 
due to soil texture were relatively small. In contrast, when climatic wetness increased 466 
root distribution became shallower in fine-textured soils and deeper for other textures. 467 
The density of the stand also had a strong effect on root distribution. 468 
3.3 Bias in drought stress estimates derived from assuming 100 cm soil depth  469 
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Soil depths were generally lower than 100 cm in the three catchments where estimates 470 
were available. Therefore, the model tended to underestimate water stress for those 471 
stands (Fig. 4). Although we found high variation among plots, on average drought 472 
stress bias was rather small for soils deeper than 50 cm (i.e., less than 0.05 in DI and 473 
less than 15 days in NDD) and it rapidly increased for shallower soils. A very small 474 
overestimation of drought stress occurred for soils deeper than 100 cm. 475 
Fig. 4: Difference between drought stress values (DI and NDD) obtained assuming 476 
100 cm soil depth for all plot records and drought stress values obtained using soil 477 
depth estimates available for three catchments (Fig. 1). N – Number of forest plots in 478 
each soil depth class. 479 
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 481 
3.4. Bias in drought stress estimates derived from temporal extrapolation 482 
For most species, the regional average SFI2-SFI3 difference in predicted drought 483 
stress was negative (Fig. 5), indicating an underestimation of stress for assessments 484 
conducted with SFI2 data. Specifically, regional average differences in NDD ranged 485 
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between –2 days and –17 days (corresponding to P. uncinata and Q. humilis, 486 
respectively) differences in DI ranged between  –0.001 and –0.023 (corresponding to 487 
P. uncinata and P. halepensis, respectively). 488 
Fig. 5: Differences between SFI2 and SFI3 in stand LAI (top), DI (center) and NDD 489 
(bottom). For each species, a boxplot shows the values of all plot records where the 490 
species is present. N – Number of forest plots where the species occurs; ρ – 491 
Spearman’s correlation coefficient between differences in drought stress and 492 
differences in stand LAI. 493 
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Drought stress differences varied strongly among forest plots; and correlations 495 
with changes in stand LAI were substantial (Spearman’s ρ between  –0.39 and –0.73 496 
for DI and between –0.22 and –0.65 for NDD, depending on the species; Fig. 5). 497 
Among-plot variation in stand LAI differences was rather similar among species. In 498 
contrast, among-plot variation in drought stress changes between forest inventories 499 
was larger for Mediterranean species (P. halepensis, P. pinea, P. pinaster, Q. ilex and 500 
Q. suber) and progressively smaller for species corresponding to sub-Mediterranean 501 
(P. nigra, Q. humilis and Q. faginea), temperate (P. sylvestris, F. sylvatica, A. alba) 502 
and mountainous (P. uncinata) climates. 503 
3.5 Temporal trends in climatic drought and tree drought stress in Catalonia 504 
During the period 1980-2010, 42% of forest plots in the study area experienced 505 
significant increase in mean annual temperature; and only 0.2% experienced a 506 
decrease (mean change = +0.63 ºC; s.d. = 0.40 ºC) (Fig. 6a). In contrast, we found 507 
that only a few plots had experienced changes in annual precipitation (0.6% and 0.2% 508 
of plots with significant increase and decrease, respectively) and average precipitation 509 
changes in the region were relatively small (mean change = +11 mm, s.d. = 64 mm) 510 
(Fig. 6b). Regarding SPEI (scale = 12 months) we found a small tendency towards 511 
aridification (mean change = –0.13, s.d. = 0.45), with a significant aridification trend 512 
for 28.1% of plots and a significant decrease of aridity for 10.6% of plots (Fig. 6c).  513 
The water balance model predicted an increase in drought stress during the 514 
period 1980-2010 for most tree species (Figs. 7-8), in accordance with the results 515 
obtained in subsection 3.4. For example, NDD increased for Pinus halepensis in 34% 516 
of the plots where the species was present while it decreased in 9% of plots. On 517 
average, annual drought duration increased in 17 days for this species, although with a 518 
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very large variability among plots (s.d. = 64 days). At the other extreme, NDD 519 
increased for P. uncinata for 4% of plots only, while it decreased for 0.5% of plots; 520 
and the average change in drought duration was a decrease of 1 day (s.d. = 10 days). 521 
Appendix S4 shows among-plot variation and the spatial distribution of both average 522 
drought stress and the magnitude of stress changes for the period studied. 523 
When we determined trends in drought stress using SFI2 data alone (hence, 524 
assuming no change in forest structure during the studied period), we found very few 525 
changes in drought stress (between 0% to 1.7% of plots with an increase in NDD, and 526 
between 0% and 2.3% with an increase in DI, depending on the species) (Figs. 7-8). 527 
Moreover, changes in drought stress correlated moderately well with climatic changes 528 
when using SFI2 data alone; but they almost did not when both forest inventories 529 
were used. For example, Pearson’s correlation between the 1980-2010 changes in 530 
SPEI and the corresponding changes in DI was r = –0.40 for Q. ilex when trends in DI 531 
were obtained assuming constant forest structure. In contrast, the same correlation 532 
was r = –0.13 when the change in forest structure was taken into account. 533 
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4. Discussion 553 
4.1 Recent trends of drought stress in Catalonia 554 
Our model predicted an increase in intensity and duration of drought stress for most tree 555 
species in Catalonia, but we found that changes in drought stress mostly originated from 556 
changes in leaf area rather than from climatic aridification. Since the mid twentieth century, 557 
forest cover in the northwest Mediterranean Basin is increasing due to the progressive 558 
colonization of former agricultural areas and the densification of pre-existing forests 559 
associated to the decrease of forest management activities (Améztegui et al., 2010; 560 
Weissteiner et al., 2011). One of the consequences of this fuel accumulation is the increased 561 
frequency of large wildfires (Pausas, 2004; Pausas & Fernández-Muñoz, 2012); the largest 562 
ones in Catalonia occurred between the two SFI inventories (Díaz-Delgado et al., 2004). The 563 
footprint of those events is clear in the spatial distribution of LAI changes, but does not 564 
compensate for the increase in LAI over most of the region (Fig. 3). Mortality rates in the 565 
Iberian Peninsula have been associated to forest densification in dry sites (Vilà-Cabrera et al., 566 
2011; Vayreda et al., 2012; Ruiz-Benito et al., 2013). Our results support the idea that 567 
increasing forest management could reverse the observed general increase in drought stress, 568 
regardless of the observed increase in temperatures (Cotillas et al., 2009). This would, in turn, 569 
lower fire risk as fires in the study area are partially controlled by fuel (Pausas & Fernández-570 
Muñoz, 2012; Pausas & Paula, 2012). 571 
On average, Mediterranean tree species were predicted to experience higher intensity 572 
and duration of drought stress than sub-Mediterranean or temperate species. These results do 573 
not imply that Mediterranean plants are more likely to exhibit drought stress effects, because 574 
their ability to tolerate stress is much higher. Choat et al. (2012) recently showed that many 575 
tree species operate with narrow hydraulic safety margins against injurious levels of drought 576 
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stress and that these safety margins are unrelated to rainfall regimes at global scale. This view 577 
is also supported by recent observations of crown defoliation not being restricted to the most 578 
drought-sensitive species but affecting all tree species examined (Carnicer et al., 2011). If we 579 
neglect intraspecific variation in drought resistance, one should expect larger drought-related 580 
effects for a given species in those stands where climatic, soil and vegetation conditions lead 581 
to unusually high stress values with respect to those found across the distribution of the 582 
species (see Figs. S4.4 and S4.6 in Appendix S4). For example, the 151 days of drought stress 583 
for P. sylvestris in the Prades validation stand, where high mortality rates have been observed 584 
since the 1990s (Martínez-Vilalta & Piñol, 2002; Poyatos et al., 2013), corresponds to 99.7% 585 
in the cumulative distribution of NDD for this species in Catalonia.  586 
4.2 Potential applications 587 
We have shown that running a process-based model on forest inventory plots can be used to 588 
obtain species-specific estimates of drought stress at landscape and regional scales. This 589 
approach could be adopted to identify areas where the combination of forest structure, species 590 
composition, soil conditions and current climate makes them highly vulnerable to drought 591 
impacts. In addition, when coupled with daily meteorological data (and assuming repeated 592 
forest inventory surveys), this approach could be used to routinely monitor plant drought 593 
stress over large areas, complementing remote sensing indices that are normally used to 594 
monitor the effects of drought stress (Deshayes et al., 2006). Using daily meteorological data 595 
would avoid the need to conduct temporal downscaling, which in our case involved many 596 
assumptions such as the lack of correlation between temperature and precipitation. Compared 597 
to hydrological models that already provide soil moisture estimates in agricultural drought 598 
monitoring (e.g., Sepulcre-Canto et al., 2012; Sheffield and Wood, 2008), our approach 599 
would provide species-specific drought stress estimates for forest systems. Finally, combining 600 
remote sensing technologies, such as LiDAR or multispectral imaging, with field data could 601 
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be used to obtain spatially continuous information about forest structure (Holopainen and 602 
Kalliovirta, 2006; Estornell et al., 2011) and, hence, to generate drought stress predictions for 603 
stands not included in forest inventory plots.  604 
Before promoting it for practical use to monitor drought stress at the regional scale, 605 
however, our model should be further validated by comparison of observed soil moisture and 606 
water fluxes in a larger number of stands spread over the region. Other regional-level 607 
validation exercises (e.g., the comparison between predicted stress and observed drought 608 
impacts or the comparison of modeled exported water with stream flow data) may be 609 
necessary but difficult to conduct due to the influence of additional processes (e.g., drought-610 
related mortality or lateral water transfer) not currently implemented in the model. 611 
4.3 Accuracy and temporal variation of LAI estimates  612 
Modeling transpiration rates accurately is crucial for predicting soil moisture and drought 613 
stress variations; and transpiration rates primarily depend on LAI. In similar studies 614 
addressing drought stress patterns at the regional scale, Ruffault et al. (2013) relied on model-615 
optimized LAI estimates, while Chakroun et al. (2014) used the relationship between field 616 
LAI values and remote sensing vegetation indices. In contrast with these studies, we 617 
estimated species-specific LAI values from forest inventory data using relationships between 618 
LAI and basal area (Table S2.1). While this approach can be more precise than using satellite-619 
derived estimates, some biases may remain because the relationship between LAI and basal 620 
area is influenced by factors such as forest management (e.g., Davi et al., 2008; Le Dantec et 621 
al., 2000). Another limitation of using forest inventory data for LAI estimation is that LAI 622 
values are assumed to remain constant when computing drought stress before or after the year 623 
of survey. We found that the accuracy of our stand-level estimates was strongly dependent on 624 
this temporal extrapolation, although regional-level averages were much less sensitive (Fig. 625 
5). Even if we exclude LAI changes derived from major changes in vegetation structure (e.g., 626 
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forest encroachment, fire or human-mediated disturbances), plants are known to adjust their 627 
leaf area to cope with variations in drought stress (e.g., Le Dantec et al., 2000; Limousin et 628 
al., 2009; Maseda & Fernández, 2006). Accounting for drought-related LAI changes would 629 
require coupling water balance with carbon balance in the same model (e.g., Hoff & Rambal, 630 
2003). Alternatively, combining forest inventory with remotely sensed data would allow 631 
tracking LAI variations caused by this or other processes (e.g., Chakroun et al., 2014).  632 
4.4 Availability of belowground data 633 
Availability of good quality belowground data is also important to increase the usefulness of 634 
our approach, because of the strong dependency of the water balance on rooting depth and 635 
soil characteristics like depth, texture or stoniness. Our results indicate that substantial biases 636 
in drought stress may occur when the depth of shallow soils (< 50 cm) is overestimated. 637 
Ideally, soil attributes of forest plots should be obtained from forest inventory or other field 638 
surveys. Alternatively, spatial variation in soil attributes may be modeled from topographic, 639 
lithological and land use information (Boer et al., 1996; Zheng et al., 1996; Tesfa et al., 640 
2009). Regarding root systems, solving for an optimized root distribution on the basis of 641 
environmental conditions produces estimates that may not be realistic, depending on the 642 
model definition. For example, our model did not include any penalization derived from the 643 
energetic costs of creating and maintaining roots (Schymanski et al., 2008). Moreover, 644 
slightly different root distributions would have been obtained if we had chosen to minimize 645 
drought stress or maximize net primary production, instead of maximizing transpiration 646 
(Collins and Bras, 2007; Kleidon and Heimann, 1998). Given the difficulty to obtain root 647 
profiles in the field for even a moderate number of forest stands, we think that the strategy of 648 
optimizing root distributions provides an operational solution. An additional modeling issue 649 
arises because deep roots frequently occurs within rock fissures and cracks in sclerophyllous 650 
vegetation (Canadell et al., 1996; Keeley et al., 2012). Accounting for such additional soil 651 
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water capacity may be important when modeling transpiration and drought stress in areas with 652 
shallow soils (Rambal et al., 2003; Ruffault et al., 2013), as we did the Prades site (in 653 
agreement with Barbeta et al., 2014). 654 
4.5 Limitations of the current model design 655 
In this study we opted for a process-based model where – compared to ecosystem models, 656 
land surface models or dynamic global vegetation models – many processes were highly 657 
condensed and others were simply absent. While this strategy facilitated calibration over the 658 
study area and provided satisfactory validation results, additional processes may need to be 659 
considered. We mentioned above that considering carbon balance would allow addressing 660 
temporal changes in LAI. Predictions of drought stress would likely be more accurate if the 661 
model included the down-regulation of stomata conductance derived from increased CO2 662 
concentrations (e.g., Dufrêne et al., 2005; Keenan et al., 2011). Distinguishing between plant 663 
cohorts in our model required splitting the maximum stand transpiration, calculated following 664 
Granier (1999), among them. Experimental data would be necessary to calibrate species-665 
specific relationships between LAI and maximum transpiration. The use of a radiation 666 
transfer module including other wavelengths than visible could provide a better estimation of 667 
the evapotranspiration fraction assigned to the understory (Balandier et al., 2006). 668 
Furthermore, whole-plant conductance was assumed to be independent of previous drought 669 
events (i.e., hysteresis was lacking in the relationship between soil water potential and plant 670 
conductance) (Limousin et al., 2009; Sus et al., 2014). Although seldom considered, hydraulic 671 
redistribution may buffer the effects of changes in soil moisture regimes and thereby increase 672 
the resilience of ecosystems to changes in patterns of precipitation (Horton and Hart, 1998; 673 
Weltzin et al., 2003). Finally, a one-dimensional (vertical) model like ours may inaccurately 674 
predict soil moisture dynamics when non-local controls (i.e. lateral transport by subsurface or 675 
overland flow) dominate (Grayson and Western, 1997). Incorporating lateral water transfer 676 
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could have potentially lowered the amount of drought stress for some plots. However, in 677 
Mediterranean areas evapotranspiration exceeds precipitation during long periods and vertical 678 
fluxes dominate under these conditions (Garcia-Estringana et al., 2013; Grayson and Western, 679 
1997).  680 
4.6 From drought stress to drought impacts 681 
Predicting drought-related events of tree decline or mortality resulting from expected climatic 682 
changes requires to effectively link drought stress estimates to drought-related effects. 683 
Predicting drought impacts is hampered by our incomplete knowledge on how drought stress 684 
changes demographic rates. For example, different species and life stages may respond to 685 
drought stress measured at different temporal scales (Pasho et al., 2011). Furthermore, 686 
drought-induced mortality can be in fact the result of drought stress interacting with other 687 
factors like pests and pathogens (McDowell et al., 2011; Oliva et al., 2014), which may 688 
explain why attempts to predict the occurrence of mortality have been generally unsuccessful 689 
(McDowell et al., 2013). Physiological models can relate climatic variability with drought-690 
related mortality at the individual and stand levels (e.g., Martinez-Vilalta et al., 2002; Zavala 691 
& Bravo de la Parra, 2005; Tague et al., 2013), but their predictive capacity remains to be 692 
tested at larger scales. Dynamic global vegetation models, gap models or landscape dynamics 693 
models may be useful to study drought impacts on vegetation structure and composition over 694 
large areas (e.g., Bugmann and Cramer 1998; Fyllas and Troumbis, 2009; Gustafson & 695 
Sturtevant, 2013; Mouillot et al., 2001), but further modeling efforts are needed to strengthen 696 
the link between predicted drought stress and actual demographic rates before they can be 697 
used to accurately predict drought impacts (Keane et al., 2001). 698 
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